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Abstract
Background: Visual expertise refers to advanced visual skills demonstrated when performing domain-specific visual tasks.
Prior research has emphasized the fact that medical experts rely on such perceptual pattern-recognition skills when interpreting
medical images, particularly in the field of electrocardiogram (ECG) interpretation. Analyzing and modeling cardiology
practitioners’ visual behavior across different levels of expertise in the health care sector is crucial. Namely, understanding such
acquirable visual skills may help train less experienced clinicians to interpret ECGs accurately.
Objective: This study aims to quantify and analyze through the use of eye-tracking technology differences in the visual behavior
and methodological practices for different expertise levels of cardiology practitioners such as medical students, cardiology nurses,
technicians, fellows, and consultants when interpreting several types of ECGs.
Methods: A total of 63 participants with different levels of clinical expertise took part in an eye-tracking study that consisted
of interpreting 10 ECGs with different cardiac abnormalities. A counterbalanced within-subjects design was used with one
independent variable consisting of the expertise level of the cardiology practitioners and two dependent variables of eye-tracking
metrics (fixations count and fixation revisitations). The eye movements data revealed by specific visual behaviors were analyzed
according to the accuracy of interpretation and the frequency with which interpreters visited different parts/leads on a standard
12-lead ECG. In addition, the median and SD in the IQR for the fixations count and the mean and SD for the ECG lead revisitations
were calculated.
Results: Accuracy of interpretation ranged between 98% among consultants, 87% among fellows, 70% among technicians,
63% among nurses, and finally 52% among medical students. The results of the eye fixations count, and eye fixation revisitations
indicate that the less experienced cardiology practitioners need to interpret several ECG leads more carefully before making any
decision. However, more experienced cardiology practitioners rely on their skills to recognize the visual signal patterns of different
cardiac abnormalities, providing an accurate ECG interpretation.
Conclusions: The results show that visual expertise for ECG interpretation is linked to the practitioner’s role within the health
care system and the number of years of practical experience interpreting ECGs. Cardiology practitioners focus on different ECG
leads and different waveform abnormalities according to their role in the health care sector and their expertise levels.
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Introduction
Visual expertise refers to advanced visual skills demonstrated
when executing domain-specific visual tasks [1]. Understanding
health care practitioners’ visual expertise is crucial in clarifying
how to best acquire accurate interpretations of medical images.
Visual expertise may be gained through clinical experience,
active learning, or teaching. In the context of this study, we
shed light on the visual skill of electrocardiogram (ECG)
interpretation and, more specifically, on the methodological
practices used by cardiology practitioners when conducting
visual 12-lead ECG interpretations [2,3]. State-of-the-art visual
expertise research has primarily focused on the medical image
interpretations of x-rays, mammograms [4,5], and computed
tomography and magnetic resonance imaging scans [6,7]. This
study is one of few others [3,8-11] that explores how visual
expertise contributes to the accuracy of ECG interpretation.
The importance of conducting this study stems from the fact
that the ECG is one of the most used medical tests in modern
medicine, reaching over 300 million ECGs done annually in
the United States alone [12]. In addition, accurate interpretation
remains a challenge since there appears to be significant
erroneous interpretation rates among nurses, residents, and
fellows [3]. Another challenge facing ECG interpreters is the
variation in the interpretation procedures and guidelines across
different regulating bodies and institutions [13]. Thus, there is
a need for additional insights to establish better educational and
working practices that suit the different expertise levels of
cardiology practitioners to acquire the essential skills for
accurately interpreting the ECG. Previous studies focusing on
visual expertise in ECG interpretation have mainly restricted
their emphasis to the visual aspect of interpretation. Those
studies focus primarily on generating eye movement heat maps
and statistical data [3,8-11]. However, those same studies lack
a discussion on the link between the observational visual
behavior of the interpreter and the ECG diagnosis strategy, a
critical element that contributes to an accurate ECG
interpretation [3].
This study extends the results of our initial work [14-19] under
the theme of where does the use of technology fall in the medical
landscape. More precisely, one of our studies [14] is aimed at
understanding how medical students start to acquire the skill of
ECG interpretation. This study focuses more on the cardiology
practitioners who interpret ECGs as part of their daily clinical
practice. The essence of this study is to pave the way for
understanding the link between observational visual behavior
and final ECG diagnostics as an element of visual expertise for
ECG interpretation. The objective of our study is to quantify
and analyze, using eye-tracking technology, differences in
cardiology practitioners’ visual expertise in ECG interpretation.
This quantification is done considering the number of years of
practitioners’ clinical experience as they advance their medical
careers. To reach this objective, we identify eye-tracking metrics
https://humanfactors.jmir.org/2022/1/e34058

XSL• FO
RenderX

that serve this purpose and provide insights into interpretation
methodological strategies underpinning accurate ECG
interpretation. We then conduct an eye-tracking study with five
different categories of cardiology practitioners with different
expertise levels. The quantitative results provide insights into
interpretation methodological strategies underpinning accurate
ECG interpretation, which varies according to the number of
years of practical experience in ECG interpretation. Finally,
ECG interpretation trends among the pool of participants are
unveiled by creating matches between eye fixation heat maps
and other eye-tracking metrics.

Methods
Hypotheses
Related works focusing on the relationship between visual
expertise, ECG interpretation [3,8-11], and other clinical fields
[4-7] requiring medical images interpretation were taken into
consideration before creating the following hypotheses. The
eye-tracking study by Davies et al [10] especially inspired our
second and third hypothesis as the authors noted that
experienced interpreters adopt a duel processing model of ECG
interpretation. Additionally, the study by Wu et al [3] also
emphasized this nuance among different categories of medical
practitioners. The following are our three hypotheses:
1.

2.

3.

There exists a significant quantifiable difference in the
accuracy of the interpretation of each expertise level
category of participants as they gain more years of
experience.
There is a significant correlation between the number of
years of participant’s experience, depicted by their
cardiology practitioner roles, and their fixations’ behavior
around specific areas of the ECG, demonstrated by the
fixations count.
There is a significant correlation between the number of
years of participant’s experience, depicted by their
cardiology practitioner roles, and their eye movement
transition frequency between different parts/leads on the
standard 12-lead ECG, demonstrated by fixation
revisitations.

Study Design
The conducted study uses eye-tracking technology to quantify
and understand differences in human visual behavior during
ECG interpretation. With different clinical roles in the health
care sector, recruited participants were tasked with interpreting
10 ECGs with different types of cardiac abnormalities. During
their interpretation, their eye movements were recorded using
an eye tracker and the collected eye movements data was
analyzed quantitatively. Participants were also tasked with
selecting their final diagnosis for each ECG from among four
available choices or writing down a diagnosis other than those
proposed. The choices for each ECG are available in Multimedia
Appendix 1.
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The experiment used a counterbalanced within-subjects design
with the following one independent variable: the expertise level
of the cardiology practitioner. This can be quantified as a
categorical variable based on the number of years of ECG
interpretation experience, as described in Table 1. Medical
practitioners may also be placed in one of the clinical
categories/roles highlighted in Table 1.
Two measured dependent eye-tracking variables were expected
to change when the independent variable changed. These two
variables are measured according to our definition of grid-based
areas of interest (AOIs). A sample grid-based AOI applied to
the normal sinus rhythm ECG can be referred to in Multimedia
Appendix 2. Our explanation behind our choice for the
grid-based AOIs can be found in our previous work [14]. The
following are the two dependent variables:
•

The average fixations count for each ECG lead for each
category of participant

•

The average fixation revisitations for each ECG lead for
each category of participant

The experiment also had one control variable. The time given
for each participant to look at each ECG was limited to 30
seconds. This time limit allowed for all categories of participants
to be held to the same standards in terms of the amount of time
given for them to analyze each case. This time limit was chosen
by consulting the cardiology consultant and professor involved
in designing this experiment. The time is also supported by
studies investigating the choice of this parameter within different
categories of medical practitioners such as medical students and
consultants. The time allowed for scanning an ECG was found
to have no statistically significant effect on the result of the
diagnosis [20]. It was also found that there is a negative
correlation between the duration spent looking at an ECG and
the accuracy of the final interpretation provided [21].

Table 1. Corresponding variables to each hypothesis.
Hypothesis

Independent variable

Dependent variable

Hypothesis 1

Years of experience

Accuracy of interpretation

Hypothesis 2

Years of experience

Fixations count

Hypothesis 3

Years of experience

Fixation revisitations

Participants
Table 1 summarizes the demographics of the participants
included in this study. A total of 63 participants with varying
ECG interpretation expertise were recruited from a university
campus and a cardiac hospital. Participants were recruited based
on their medical category represented by their job title/role in
clinical practice. The mean age was 28 (SD 4) years. In addition,
participants were asked to provide an approximation of their
years of work experience in ECG interpretation. The medical
categories are defined as follows:
•
•
•
•
•
•

Junior medical students: those in a preclinical curriculum
Senior medical students: those in a clinical curriculum
Nurses: nurses either serving in the catheterization
laboratory or the cardiac care unit
Technicians: cardiovascular technologists working in a
cardiac catheterization laboratory
Fellows: physicians undergoing postgraduate training in
cardiology
Cardiology consultants: board-certified independent
cardiology practitioners

Stimuli Design
The ECG stimuli were acquired from the collection belonging
to the cardiology consultant involved in designing the
experiment. Since the study is motivated by quantifying visual
behavior across different expertise levels of different health
care practitioners, we selected ECGs commonly encountered
by all those categories in their day-to-day medical practice [22].
The ECGs sampled are defined in Multimedia Appendix 3. We
limited our selection to 10 representative ECG cases.
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Apparatus
A Tobii Pro X2-60 eye tracker and iMotions version 8.1
software [23] were used to track eye movements with a
frequency of 60 Hz (±1 Hz). In addition, keyboard presses and
mouse input were recorded to register the participants’ responses
showing their final diagnosis for each ECG. The study was
conducted on a 25-inch diagonal laptop monitor with a
resolution of 1366 by 768 pixels.

Ethics
This study received institutional review board approval from
the ethical board of both the Qatar Biomedical Research Institute
at Hamad bin Khalifa University [24] under the research
protocol number QBRI-IRB-2020-01-009 and the Hamad
Medical Corporation under the research protocol number
MRC-02-20-714. Approvals were granted before the start of
the experiment. Institutional review board approval guarantees
that all study methods were conducted following the guidelines
and recommendations of international regulatory agencies [24].

Analysis
Hypotheses Testing Methods
The three hypotheses regarding participants’ visual behavior
toward ECG interpretation were tested as follows.
Analysis Method for Testing Hypothesis 1
To test the first hypothesis, interpretations were assessed for
participants’ accuracy by determining if they chose the correct
ECG diagnosis from among the four offered choices. Analyzing
the participants’ accuracy of interpretation scores using the
Cramér V statistical test contributed toward constructing a clear
understanding of how much the interpreters understood the ECG
JMIR Hum Factors 2022 | vol. 9 | iss. 1 | e34058 | p. 3
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signals and its waveform abnormalities presented to them
throughout the 10 ECG cases.

categories. A lead revisitation is defined as the interpreter
fixating again on a particular lead after visiting it previously.

Analysis Method for Testing Hypothesis 2
To test the second hypothesis, interpretations were assessed for
the frequency with which the participants fixated on ECG
images. This assessment was done by comparing eye movement
behavior for the five categories. Eye movement was quantified
using a median fixations count for each participant. A prior
study showed that the average duration for one fixation ranged
from 150 to 300 milliseconds [25]. Although the average
fixation duration span has a fixed range, the fixation count
provides a more accurate depiction of the interpreter’s attention.
The fixations count number represents the interpreter’s
engagement with different ECG leads suggesting that the greater
the median fixation duration, the greater the level of engagement
[3].

Results

Analysis Method for Testing Hypothesis 3
To test the third hypothesis, interpretations were assessed for
the frequency with which the interpreters revisit different areas,
or leads, in the ECG. This was done by comparing each
participant’s average ECG lead revisitation among the five

Results for Testing Hypothesis 1
Figure 1 summarizes the accuracy of the participants’ answers
across the 10 showcased ECGs. Consultants are the most
accurate interpreters, with an accuracy percentage of 97.8%.
Fellows are the second most accurate, with an overall accuracy
of 87%, followed by technicians with an accuracy of 70%.
Nurses were the least accurate of those with working experience,
with an accuracy of 63%. Finally, medical students were overall
the least accurate category with an accuracy of 52.2%. A
chi-square test was conducted since the interpretation response
data is dichotomous. The obtained P value was .02, which shows
that there is a statistically significant difference in interpretation
accuracy between the five categories. To calculate the effect
size of the chi-square independence test, we used the Cramér
V, providing a value of 0.36 that indicates a weak association
between the categories. Although some ECGs were easy to
interpret correctly (eg, the normal sinus rhythm), other ECGs,
including the ventricular paced rhythm and the left bundle
branch block, were harder to interpret correctly.

Figure 1. Accuracy of the participants’ answers across the 10 showcased ECGs. ECG: electrocardiogram.
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Results for Testing Hypothesis 2
Table 2 summarizes the median and SD from the IQR for the
total fixations count per participant for all leads in the ECG.
The fixations data follows a nonnormal, left-skewed distribution.
Total fixation counts were calculated for the 10 ECGs for 300
seconds. Table 2 also includes the median and SD from the IQR

Tahri Sqalli et al
for the fixation count per lead across all 10 ECGs. Consultants
are the category with the lowest number of fixations, while
medical students have the highest number of fixations. Applying
the Kruskal-Wallis test to the total fixations count data resulted
in a P value of .03, which showed there is a statistically
significant difference in participants’ fixation count.

Table 2. Demographics for the participants included in the eye-tracking study.
Feature and demographics

Participants, n

Medical category
Medical students (junior year)

9

Medical students (senior year)

10

Fellows

11

Technicians

10

Nurses

14

Consultants

9

Age (years)
20-23

10

23-25

9

26-30

21

30-35

11

35-45

12

Gender
Male

51

Female

12

Years of experience
0 years

10

1 year

9

2-5 years

15

5-10 years

22

≥15 years

7

Results for Testing Hypothesis 3
Table 3 summarizes the median total fixations count per
participant and median fixation count per lead per participant,
while Table 4 summarizes the mean and SD of the ECG lead
revisitations for each category of participants. The ECG lead
revisitations data follows a normal distribution. On average,
technicians are the category of participants with the highest
number of revisitations for each lead with an average of 3.61
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revisitations, while consultants are the category that revisits a
lead the least with an average of 2.01 revisitations. However,
based on the SD results, variation among participants in the
same category was the highest among nurses and the lowest
among technicians. A one-way analysis of variance test was
applied to the data, showing an F value of 30.56, which is larger
than the critical F value (2.36). We measured the effect size
using the Eta squared formula and the result is η2=0.36.
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Table 3. Median total fixations count per participant and median fixation count per lead per participant.
Fixations count per participant (for all ECGsa)

Fixation count per lead for each ECG

Median

SD from the IQR

Median

SD from the IQR

Medical students

2829

1411

9.93

5.01

Technicians

2535

301

10.83

1.27

Nurses

2444

1031

9.49

3.96

Fellows

2135

579

9.12

2.52

Consultants

1385

794

6.57

3.95

Category

a

ECG: electrocardiogram.

Table 4. Average electrocardiogram (ECG) lead revisitation per participant for every category.
Category

ECG lead revisitation per participant
Mean (μ)

SD (σ)

Technician

3.61

0.06

Nurse

3.25

1.60

Medical students

2.90

0.85

Fellow

2.55

0.67

Consultant

2.01

0.98

Discussion
Insights From the Eye-Tracking Results
The results indicate that the interpreter’s expertise, revealed by
the number of years of work experience in ECG interpretation,
is the primary influence for both the accuracy of ECG
interpretation and the acquired visual expertise strategies.
Through the analysis of the three hypotheses, three main
findings were confirmed.
First, the accuracy of ECG interpretation correlates with the
expertise level of the participant. The results confirm the first
hypothesis by indicating that consultants are the category with
the most accurate interpretations, while medical students are
the category with the least accurate interpretations. In between
these two extremes are nurses, technicians, and fellows.
Second, as expertise for participants increases, participants’
fixations count on ECG signal waveform abnormalities
decreases. This finding translates into participants fixating on
the overall ECG for less time while not compromising the
accuracy of the interpretation. This finding confirms the second
hypothesis.
Third, the results for testing hypothesis 3 confirm that medical
practitioners observe and focus on certain ECG leads and
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waveform abnormalities according to their role in the health
care sector and their expertise level. Figures 2 and 3 show
sample aggregate heat maps for the differences in fixation
distribution across the left bundle branch block and the complete
heart block ECGs between the studied categories. The results
from the third assessment aiming to confirm the third hypothesis
indicate that both consultants and fellows target their fixations
on specific leads to identify the correct ECG diagnosis. This
finding was also confirmed by looking at the heat maps for
different categories across different ECGs other than the ones
in Figures 2 and 3. However, nurses and technicians thoroughly
interpreted the ECGs systematically by scanning through all 12
leads and primarily looking at abnormalities in the ST segment
and wide QRS complex. This finding explains the high number
of fixations per lead measured by the fixations count. This
behavior may be because nurses are usually not extensively
trained to interpret the ECG the way cardiologists do for a
diagnosis but to ensure that signs of imminent heart attacks are
not missed. The heat maps of medical students indicate that
they randomly fixate on the waveform abnormalities that they
first perceive and then continue to transition from one lead to
another until the 30-second time limit is over. This finding
justifies medical students having the highest number of fixations
per ECG case. Heat maps for all the categories of interpreters
and all the ECGs can be found in Multimedia Appendix 4.
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Figure 2. Sample aggregate heat maps showing differences in fixation distribution across the left bundle branch block ECG between the studied
categories. ECG: electrocardiogram.

Figure 3. Sample aggregate heat maps showing differences in fixation distribution across the complete heart block ECG between the studied categories.
ECG: electrocardiogram.

Conclusion
Concluding Remarks
This paper presents a quantitative analysis of the ECG
interpretation visual behavior of different health care
practitioners. These health care practitioners belonged to five
different categories: medical students, nurses, technicians,
fellows, and consultants. Eye-tracking data for these categories
https://humanfactors.jmir.org/2022/1/e34058
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were collected while they each interpreted a total of 10 ECGs.
Specific eye-tracking metrics such as fixations count and
fixation revisitations were quantitatively analyzed for each lead
in the standard 12-lead ECG and across all ECGs. This analysis
was done to meet the objective of quantifying, using eye
tracking, medical practitioners’ visual expertise strategies in
ECG interpretation as they advance in their medical careers.
The main findings relate to how accurate each medical category
JMIR Hum Factors 2022 | vol. 9 | iss. 1 | e34058 | p. 7
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is in ECG interpretation when considering their eye movements
and visual behavior. The accuracy of the final ECG diagnosis
was also associated with the expertise level of participants.
Moreover, the increased level of participant expertise made
experienced practitioners require less time to fixate on ECG
abnormalities and decreased fixation counts, leading to correct
diagnoses. Lastly, medical practitioners focus on certain ECG
leads and specific waveform abnormalities according to their
role in the health care sector and their expertise level.

Study Limitations and Future Works
Since eye-tracking data is idiosyncratic to every interpreter, a
sample size of approximately 60 participants from different
categories may not be representative enough. Sample size
determination depends on what the designers of the study aim
to represent. Recruited sample size may therefore vary according
to the targeted population, CIs, and interpreters’ confidence

Tahri Sqalli et al
level in their responses. Based on these uncontrollable factors,
recruiting more participants and increasing the number of
medical practitioner categories are necessary. We addressed
this by recruiting a diverse and reasonable number of health
care practitioners, but including larger numbers of participants
in future work would contribute to a better understanding of
visual expertise in ECG interpretation and understanding how
different health care practitioners with different roles and
expertise levels interpret ECGs. The richness of the study’s
collected eye movement data has the potential to be further
analyzed using machine learning algorithms to deeply reveal
differences in visual behavior among the different categories
of medical practitioners. We also plan on experimenting with
more subtle examples of ECG diagnoses such as
nonspecific/incomplete abnormalities and see how the experts
deal with conflicting or vague data.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Multiple choice questions for the electrocardiogram eye-tracking experiment.
[PDF File (Adobe PDF File), 74 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Sample grid-based areas of interest applied to the normal sinus rhythm electrocardiogram.
[PNG File , 1318 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Definition of electrocardiogram samples used in the eye-tracking experiment.
[PDF File (Adobe PDF File), 93 KB-Multimedia Appendix 3]

Multimedia Appendix 4
Heat maps for all the categories of interpreters and all the electrocardiograms.
[RAR File , 37173 KB-Multimedia Appendix 4]

References
1.
2.
3.

4.
5.

6.
7.

Gegenfurtner A, van Merriënboer JJG. Methodologies for studying visual expertise. Frontline Learning Res 2017 Jul
14;5(3):1-13. [doi: 10.14786/flr.v5i3.316]
Heiberg Engel PJ. Tacit knowledge and visual expertise in medical diagnostic reasoning: implications for medical education.
Med Teach 2008;30(7):e184-e188. [doi: 10.1080/01421590802144260] [Medline: 18777417]
Wu W, Hall AK, Braund H, Bell CR, Szulewski A. The development of visual expertise in ECG interpretation: an eye-tracking
augmented re situ interview approach. Teach Learn Med 2021;33(3):258-269. [doi: 10.1080/10401334.2020.1844009]
[Medline: 33302734]
Kundel HL, Nodine CF, Conant EF, Weinstein SP. Holistic component of image perception in mammogram interpretation:
gaze-tracking study. Radiology 2007 Feb;242(2):396-402. [doi: 10.1148/radiol.2422051997] [Medline: 17255410]
Mello-Thoms C, Dunn S, Nodine C, Kundel H. The perception of breast cancers--a spatial frequency analysis of what
differentiates missed from reported cancers. IEEE Trans Med Imaging 2003 Oct;22(10):1297-1306. [doi:
10.1109/TMI.2003.817784] [Medline: 14552583]
Manning D, Ethell S, Donovan T, Crawford T. How do radiologists do it? The influence of experience and training on
searching for chest nodules. Radiography 2006 May;12(2):134-142. [doi: 10.1016/j.radi.2005.02.003]
Kundel HL, Nodine CF. Interpreting chest radiographs without visual search. Radiology 1975 Sep;116(3):527-532. [doi:
10.1148/116.3.527] [Medline: 125436]

https://humanfactors.jmir.org/2022/1/e34058

XSL• FO
RenderX

JMIR Hum Factors 2022 | vol. 9 | iss. 1 | e34058 | p. 8
(page number not for citation purposes)

JMIR HUMAN FACTORS
8.

9.

10.

11.
12.

13.

14.

15.

16.

17.

18.
19.
20.

21.

22.

23.
24.
25.

Tahri Sqalli et al

Wood G, Batt J, Appelboam A, Harris A, Wilson MR. Exploring the impact of expertise, clinical history, and visual search
on electrocardiogram interpretation. Med Decis Making 2014 Jan;34(1):75-83. [doi: 10.1177/0272989X13492016] [Medline:
23811761]
Bond R, Kligfield P, Zhu T, Finlay D, Drew B, Guldenring D, et al. Novel approach to documenting expert ECG interpretation
using eye tracking technology: a historical and biographical representation of the late Dr Rory Childers in action. J
Electrocardiol 2015;48(1):43-44. [doi: 10.1016/j.jelectrocard.2014.10.017] [Medline: 25465863]
Davies A, Mueller J, Horseman L, Splendiani B, Hill E, Vigo M, et al. How do healthcare practitioners read
electrocardiograms? A dual-process model of electrocardiogram interpretation. Br J Cardiac Nurs 2019 Oct 01;14(10):1-19.
[doi: 10.12968/bjca.2019.0073]
Breen CJ, Bond R, Finlay D. An evaluation of eye tracking technology in the assessment of 12 lead electrocardiography
interpretation. J Electrocardiol 2014;47(6):922-929. [doi: 10.1016/j.jelectrocard.2014.08.008] [Medline: 25200901]
Cadet JV. Report: cost savings will drive ECG global market to nearly $160M by 2015. Cardiovascular Business. 2009.
URL: https://www.cardiovascularbusiness.com/topics/cardiovascular-imaging/
report-cost-savings-will-drive-ecg-global-market-nearly-160m-2015 [accessed 2020-08-10]
Kligfield P, Gettes LS, Bailey JJ, Childers R, Deal BJ, Hancock EW, American Heart Association Electrocardiography
and Arrhythmias Committee, Council on Clinical Cardiology, American College of Cardiology Foundation, Heart Rhythm
Society, et al. Recommendations for the standardization and interpretation of the electrocardiogram: part I: The
electrocardiogram and its technology: a scientific statement from the American Heart Association Electrocardiography and
Arrhythmias Committee, Council on Clinical Cardiology; the American College of Cardiology Foundation; and the Heart
Rhythm Society: endorsed by the International Society for Computerized Electrocardiology. Circulation 2007 Mar
13;115(10):1306-1324. [doi: 10.1161/CIRCULATIONAHA.106.180200] [Medline: 17322457]
Tahri Sqalli M, Al-Thani D, Elshazly MB, Al-Hijji M. Interpretation of a 12-lead electrocardiogram by medical students:
quantitative eye-tracking approach. JMIR Med Educ 2021 Oct 14;7(4):e26675 [FREE Full text] [doi: 10.2196/26675]
[Medline: 34647899]
Tahri Sqalli M, Al-Thani D. AI-supported health coaching model for patients with chronic diseases. 2019 Presented at:
16th International Symposium on Wireless Communication Systems; August 27-30, 2019; Oulu, Finland. [doi:
10.1109/iswcs.2019.8877113]
Tahri Sqalli M, Al-Thani D, Qaraqe M, Fernandez-Luque L. Perspectives on human-AI interaction applied to health and
wellness management: between milestones and hurdles. In: Househ M, Borycki E, Kushniruk A, editors. Multiple Perspectives
on Artificial Intelligence in Healthcare: Opportunities and Challenges. Cham: Springer; 2021:41-51.
Tahri Sqalli M, Al-Thani D. Towards an integrated health and wellness program using human-IoT interaction. 2020 Presented
at: 2020 IEEE International Conference on Informatics, IoT, and Enabling Technologies; February 2-5, 2020; Doha, Qatar.
[doi: 10.1109/iciot48696.2020.9089538]
Tahri Sqalli M, Al-Thani D. On how chronic conditions affect the patient-AI interaction: a literature review. Healthcare
(Basel) 2020 Sep 01;8(3):313 [FREE Full text] [doi: 10.3390/healthcare8030313] [Medline: 32883036]
Tahri Sqalli M, Al-Thani D. Evolution of wearable devices in health coaching: challenges and opportunities. Front Digit
Health 2020;2:545646 [FREE Full text] [doi: 10.3389/fdgth.2020.545646] [Medline: 34713031]
Davies AR. Examining expertise through eye movements: a study of clinicians interpreting electrocardiograms. The
University of Manchester Library. 2018. URL: https://www.escholar.manchester.ac.uk/api/
datastream?publicationPid=uk-ac-man-scw:314626&datastreamId=FULL-TEXT.PDF [accessed 2022-02-03]
Bond R, Zhu T, Finlay D, Drew B, Kligfield P, Guldenring D, et al. Assessing computerized eye tracking technology for
gaining insight into expert interpretation of the 12-lead electrocardiogram: an objective quantitative approach. J Electrocardiol
2014;47(6):895-906. [doi: 10.1016/j.jelectrocard.2014.07.011] [Medline: 25110276]
Davies A, Harper S, Vigo M, Jay C. Investigating the effect of clinical history before electrocardiogram interpretation on
the visual behavior and interpretation accuracy of clinicians. Sci Rep 2019 Aug 05;9(1):11300. [doi:
10.1038/s41598-019-47830-0] [Medline: 31383896]
Farnsworth B. 10 most used eye tracking metrics and terms. iMotions. 2020. URL: https://imotions.com/blog/
10-terms-metrics-eye-tracking/ [accessed 2022-02-03]
Research Compliance Assurance. Hamad Bin Khalifa University. URL: https://www.hbku.edu.qa/en/qbri/research-areas/
research-compliance [accessed 2022-02-03]
Tullis T, Albert B. Behavioral and physiological metrics. In: Measuring the User Experience Collecting, Analyzing, and
Presenting Usability Metrics. Amsterdam: Elsevier Inc; 2013:163-186.

Abbreviations
AOI: area of interest
ECG: electrocardiogram

https://humanfactors.jmir.org/2022/1/e34058

XSL• FO
RenderX

JMIR Hum Factors 2022 | vol. 9 | iss. 1 | e34058 | p. 9
(page number not for citation purposes)

JMIR HUMAN FACTORS

Tahri Sqalli et al

Edited by A Kushniruk; submitted 05.10.21; peer-reviewed by A Davies, B Walsh, N Silva; comments to author 28.11.21; revised
version received 08.12.21; accepted 09.12.21; published 09.02.22
Please cite as:
Tahri Sqalli M, Al-Thani D, Elshazly MB, Al-Hijji M, Alahmadi A, Sqalli Houssaini Y
Understanding Cardiology Practitioners’ Interpretations of Electrocardiograms: An Eye-Tracking Study
JMIR Hum Factors 2022;9(1):e34058
URL: https://humanfactors.jmir.org/2022/1/e34058
doi: 10.2196/34058
PMID:

©Mohammed Tahri Sqalli, Dena Al-Thani, Mohamed B Elshazly, Mohammed Al-Hijji, Alaa Alahmadi, Yahya Sqalli Houssaini.
Originally published in JMIR Human Factors (https://humanfactors.jmir.org), 09.02.2022. This is an open-access article distributed
under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in JMIR Human Factors,
is properly cited. The complete bibliographic information, a link to the original publication on https://humanfactors.jmir.org, as
well as this copyright and license information must be included.

https://humanfactors.jmir.org/2022/1/e34058

XSL• FO
RenderX

JMIR Hum Factors 2022 | vol. 9 | iss. 1 | e34058 | p. 10
(page number not for citation purposes)

